Part B. Cross-validation method to estimate overestimation bias in linkage effects
The data was split into two halves and the regression slope of the sire allele effect estimated from each half of the data was obtained at 5061 random SNP positions (Hayes et al. 2006; Whittaker et al. 1997) . 
sire.snp is small relative to the phenotypic variance, W is as defined in [3] and M is the number of SNP positions used in the regression. Figure A1 shows the regression of α 1 on α 2 and estimates β* as 0.173. Thus the phenotypic variance explained by the paternally inherited allele using the cross-validation method is 0.0025. This is slightly lower than the random effect model (where 
Part C. Predicting the genetic merit of sires
The mean SNP effects from model [5] were used to predict each sires genetic merit for eye muscle depth. This marker based genetic merit was compared to the genetic merit estimated from the pedigree. Two different predictions of genetic merit with markers were calculated, first when the marker effects were estimated when all sires were included in the analysis and second when the sire to be predicted was excluded from the analysis to estimate the marker effects.
To calculate each sires genetic merit from the markers, the sum of the sires allele effects was calculated. That is, the genetic merit was tγ, where t is a vector of each sires genotype and γ is a vector of marker effects from [5] .
Marker effects were estimated either with all sires or excluding the sire to be predicted.
The model used to calculate the genetic merit of each sire from linkage, that is using the pedigree, was
where y is a vector of progeny phenotypes, X is a design matrix assigning progeny to fixed effects, b is a vector of fixed effect solutions, Z is a design matrix allocating phenotypes to sires, v' is a vector of random sire effects where I is an identify matrix). Fixed effects in b were year of birth (2 levels), age in days (covariate, mean age 304 days), birth and rearing type (3 levels) and sex nested within year (4 levels). Principal components were not fitted when predicting sire genetic merit as they explain much of the between sire variation. The model was fitted using ASReml (Gilmour 2006 ) and the vector of sire solution (v') used as the estimates of genetic merit.
The correlation between the pedigree and marker predictions was highest when all data was used to predict genetic merit (0.76, Table A1 ). This is in accordance with expectations because the same data was used for both analyses. The proportion of variance in the pedigree genetic merited explained by the SNP predictions (58%) is comparable to the variance explained in the linkage results by the sum of association effects in Figure 6a (52%). When independent data was used, i.e. when sire to be predicted was excluded from the analysis estimating the marker effects, the correlation between the estimates and the proportion of genetic merit explained was the dataset is small and probably lacks predictive power. For example, Goddard and Hayes (2009) estimate a reference set of 100,000 animals is required for a correlation of about 0.8 between true and marker predicted genetic merit for a population with similar properties to Australian merino sheep (i.e. an effective population size, N e, of about 800; Kijas et al. 2012 ).
The regression slope for the independent dataset is not significantly different from zero, although the correlation suggests an improved ability to predict between sires differences with independent data compared to the ability to predict linkage results with the sum of association effects ( Figure 6b ). 
